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Abstract: The two-dimensional video distrometer (2DVD) is a well known ground based
point-monitoring precipitation gauge, often used as a ground truth instrument to validate radar or
satellite rainfall retrieval algorithms. This instrument records a number of variables for each detected
hydrometeor, including the detected position within the sample area of the instrument. Careful analyses
of real 2DVD data reveal an artifact—there are time periods where hydrometeor detections within parts
of the sample area are artificially enhanced or diminished. Here, we (i) illustrate this anomaly with an
exemplary 2DVD data set, (ii) describe the origin of this anomaly, (iii) develop and present an algorithm
to help flag data potentially partially corrupted by this anomaly, and (iv) explore the prevalence and
quantitative impact of this anomaly. Although the anomaly is seen in every major rain event studied
and by every 2DVD the authors have examined, the anomaly artificially induces less than 3% of all
detected drops and typically alters estimates of rain rates and accumulations by less than 2%.
Keywords: precipitation measurement; two-dimensional video disdrometer; optical disdrometer;
ground truth
1. Introduction
The two-dimensional video disdrometer (hereafter 2DVD) (Joanneum Research, Graz, Austria) is
an optical system designed to identify and measure individual rain drops falling through a sensing
area of approximately 100 cm2. This instrument, initially developed in the early 1990s, has been
continuously improved and now serves as an important tool in a wide variety of studies related to
rain characterization and ground validation [1–29]. Although many of the instrument’s limitations
are well known (e.g., [8,30–34]), the 2DVD is generally considered quite reliable—it is still being used
today as a tool for ground validation and/or as a reference for comparison to other rain measurement
instruments (see, e.g., [16,20,24]).
Here, we identify an anomaly in 2DVD data that—to our knowledge—has not been previously
reported. There is clear evidence in our data that about 15% of all detected drops are observed during
times when parts of the instrumental field-of-view are supplying spurious data. This anomaly occurs
in all 2DVDs and all rain events examined. Fortunately, the fraction of the field of view that is affected
by this anomaly is typically small, and the anomaly most commonly induces spurious detections of
very small drops that do not substantially affect the measured rain accumulations. Ultimately, we find
the total effect of this anomaly to induce a slight overestimation of no more than about 1–2% above the
detected accumulations in an absence of the anomaly.
Because of the wide use of 2DVD, careful quantification of this anomaly is important.
Measurement uncertainties related to instrument intercomparison (see, e.g., [2,3,7,13,14,20,26,35–37])
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still far exceed the magnitude of the anomaly on rainfall estimation, and it is not expected that the
effect seen in this anomaly will substantially weaken the results of any previous study we are aware of.
The rest of this paper outlines the basic design of the 2DVD, shows an example anomaly,
explains the physical origin of the anomaly, and then characterizes and quantifies the anomalous data.
2. Materials and Methods
The 2DVD (Joanneum Research) has been aptly described and characterized previously
(see, e.g., [8,30–34]), so only the basics are re-introduced here.
Two high speed line scan cameras look into a brightly illuminated background, with any hydrometeors
detected as shadows. The two cameras are aligned orthogonally to each other, with a height difference of
approximately 6–7 mm. This allows the recording of images from front and side views and measurement
of the fall velocity of hydrometeors. The intersecting part of the two cameras’ field of views define the
measuring area, its size being around 10 cm by 10 cm. Data from each hydrometeor are stored with a
precise time stamp.
This measurement principle reveals many advantages for the data analysis, with some of the most
important ones being:
• The individually recorded hydrometeors allow the investigator to freely choose integration time
intervals in post processing for rain rates and for drop size distributions.
• The measuring area is defined by the intersection of two optical paths and not by the rim of the
housing, making the effect of splashing negligible.
• The large measurement area allows recording of hydrometeors of any size.
• The orthogonally aligned cameras provide the location within the measuring area where each
hydrometeor arrives. This allows for investigation of sub-sections of the measuring area and
exploration of the statistical significance of results. (For the present study, this information is of
fundamental importance.)
• Reliable estimates of each hydrometeor’s horizontal velocity can be derived from the line
scan recordings.
• The fall velocity of each hydrometeor is measured, which supplies a valid basis for the conversion
from area-related measurements to volume-related drop size distributions. This velocity
measurement also serves as a reliable indicator for hydrometeor phase (rain drop, snowflake,
hailstone, etc.).
The structure and design of the 2DVD follows the guidelines of the WMO [38] as much as possible.
To date, more than 100 units have been delivered and are used in various parts of the world.
Since 2DVD development began in 1991, three versions have been released: the Classic Tall 2DVD, the
Low-Profile 2DVD and the Compact 2DVD. All analyses that follow in this manuscript are derived
from data gathered by Compact 2DVDs.
3. Results
Typically, data from 2DVDs are used to measure/infer rain rate, rain accumulations, and particle
size distributions. Previous studies with the 2DVD have often explored how measurements of these
three variables compare to co-located instruments using different measurement principles. As such,
these studies have been able to establish the reliability of 2DVD data by direct comparison to other
devices. Of course, there is also the question as to the reliability of the instrument the 2DVD is being
compared to.
Here, no comparison to other detectors is attempted or necessary; the anomaly that will be
identified clearly affects only part of the instrumental field-of-view and, thus, an absolute assessment
of the impact of the anomaly is possible.
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3.1. Demonstration of the Anomaly
Although the 2DVD sample volume really can best be mapped as the intersection of two horizontal
trapezoidal areas (see Figure 3 of [31], Figure 3 of [30], and/or Figure 4 of [33]), most studies have
approximated this sample area as a square approximately 10 cm on a side [31]. For simplicity in
visualization, we utilize this same approximation.
A display of approximate drop detection positions within this sample area can be made by taking
the midpoint between the minimum and maximum pixel number covered by the drop along each
camera’s field of view.
Figure 1 shows two “heat-maps” (two-dimensional histograms) of particle detection positions for
1000 consecutive detected raindrops in a 2DVD.
Figure 1. A “heat-map” of the approximate two-dimensional detection positions of 1000 consecutive
raindrops during a rain event detected by 2DVD (The two-dimensional video distrometer) SN074
on 2 January 2014. Each “cell” in the figure corresponds to an area corresponding to 10 pixels by
10 pixels of the measurement cameras, approximately an area of 0.024 cm2. (a) a two-dimensional
histogram of 1000 consecutive raindrop arrival positions during a time interval where anomalous
particle detections clearly exist. The color bar in the center (used for both panels) shows the number of
drops detected within each 10 pixel by 10 pixel area. (Note the clearly artificial-looking vertical line in
the rightmost portion of the left panel). (b) a two-dimensional histogram of 1000 consecutive raindrop
arrival positions at a different time during the same event. No artificial structures are evident, and no
values above 3 are detected for any 10 pixel by 10 pixel cell.
When looking at the data in Figure 1, the anomaly is obvious; the left panel has a series of
presumably spurious particle detections along a vertical line.
In addition to vertical and/or horizontal lines of artificially high particle concentrations,
further analysis of 2DVD data also occasionally reveals lines of diminished particle detections (vertical
or horizontal lines through the field of view where the expected number of particles has clearly been
depleted). These regions are harder to visually identify in 1000 raindrop intervals but can become
visible when looking at more drops at a time (see Figure 2).
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Figure 2. Similar to Figure 1, except showing particle detection positions of 10,000 consecutive detected
raindrops. Here, the lack of particles along the horizontal line near the bottom of the figure suggests
some instrumental anomaly. Data shown here was drawn from 2DVD SN074 for rain that was detected
on 23 May 2017.
3.2. Physical Origin of the Anomaly
As mentioned above, the 2DVD measurement principle is based on sequential images from
two line scan cameras, aligned orthogonally against each other. The cameras look into a brightly
illuminated background, with any particles falling between camera and illumination being detected as
blockages of light. For sake of compactness of the instrument, mirrors fold the optical path between
the camera and illumination unit. Cameras, the illumination units, and the mirrors are protected
against precipitation by a housing. The view into the open atmosphere in each of the two optical
systems is given by two narrow slits, yielding a portion of 25 cm radial length of the field of view
being exposed to precipitation. The intersecting part of these portions in the two cameras create the
virtual measurement area as is visualized in Figure 3. In this schematic view of the housing’s inlet, the
two optical paths and their intersecting area are indicated.
Figure 3. Schematic view of the 2DVD’s housing inlet with the intersecting area of the two optical
paths creating the 2DVD’s virtual measuring area.
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In the explanation that follows, the terms object, image, and element are used as follows: ‘object’
stands for the physical precipitation particle, ‘image’ stands for the recordings of the cameras, and
‘element’ denotes the representation of a precipitation particle identified as valid in one of the two
cameras’ images.
It might seem to be advantageous to close the two slits between the camera and illumination
unit by protective glass. However, it is impossible that the measurement process would ignore static
droplets on such glass, even with carefully chosen depth of field parameters. The field of view from
the camera to the illumination unit must be open, with only the particles to be measured being allowed
in between. Thus, the slits were designed to be as narrow as possible; otherwise, in conditions of heavy
rain and strong winds, small droplets reach the mirrors within the housing. At the same time, the slits
must be wide enough so that droplets hanging from the upper rim do not reach the camera’s field
of view. Though special design structures reduce the number of drops hanging from the upper rim,
the choice of the widths of the slits is a delicate compromise.
The present study reveals that either a small number of tiny droplets reach the mirrors and/or
a small number of hanging drops are detected in the field of view. Both of these phenomena are
seen either as a constant shadow by the relevant camera, or as a series of many consecutive elements,
when, during the evaporation process, their shadow is just around the detection threshold.
3.2.1. Anomaly with Spurious Particle Detection
Figure 4 gives an illustration for the case of a static object appearing as a series of many consecutive
elements. Both of the 2DVD cameras’ raw data streams are shown, in a scanning time vs. pixel count
representation. This snapshot shows some 30 ms on the y-axis and the 630 pixels along the scan line in
the x-axis, for the front and side views. The images of the front view camera are given in the left panel,
and those of the side view camera in the right panel. The 2DVD software matches elements of the front
and side view cameras, meaning it identifies elements stemming from the same particle. Since there is
a height difference of between 6 and 7 mm between the two optical planes, elements from the same
particle appear with a slight time difference in the data streams from the two cameras, which result
in pair-matching attempts (black and yellow lines) to be slanted. In the side view, an evaporating
static droplet causes a series of continuous elements; the image of the static droplet fluctuates near the
detection threshold (which is why the mostly solid vertical line near 460 pixels on the right panel still
has a few gaps).
Figure 4 shows that, in this ∼30 ms interval, there were ten elements seen in camera A. For each
of these elements, the algorithm checks if a plausible corresponding element is seen by camera B.
Black lines denote declined matching attempts, whereas yellow lines denote matched pairs of elements
being accepted to stem from the same particle. It is clearly visible that, within the period shown, three
elements of the front view camera are falsely matched to the static object seen by the side view camera.
The first of these three falsely accepted matching pairs corresponds to the lowest yellow line. The three
false matches are marked by red arrows. In addition, two truly matched pairs are seen, marked by
green circles.
The herewith visualized effect of falsely matched static objects explains why spurious particles
are detected. For the time period of evaporation, the location of such spurious particles happens at the
same pixel count in that camera that sees the static object. Thus, in the “heat map” shown in Figure 1,
the spurious particles appear as a straight line along the field of view of that camera, which sees
the static object. The distance to this camera is determined by the pixel count of the other camera’s
elements, which are falsely matched to the static object.
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Figure 4. Synchronous view of both cameras’ raw data streams, in a scanning time vs. pixel count
(location) representation. Rain drops are visible in front (left panel) and side views (right panel). In the
side view, an evaporating static droplet causes a series of continuous elements, seen as vertical line.
Black lines denote declined matching attempts. Yellow lines denote matched pairs of elements, being
accepted to stem from the same particle. Red arrows denote elements with false matching to the static
object. Green circles denote correct matching.
3.2.2. Anomaly with Lack of Particles
Figure 5 gives an illustration for the case of a static object appearing as a constant element.
The same as in Figure 4, this snapshot shows some 30 ms on the y-axis and the 630 pixels along the scan
line in the x-axis, for front and side views. Unlike in Figure 4, this figure does not have the time scale
for the front and side views synchronized; the two panels show raw data recorded at slightly different
times. (This visualization shows the raw data signals as they are alternatively fetched from camera A
and camera B). Thus, no matching attempts are indicated since, in this asynchronous representation,
the elements in the two halves generally do not stem from the same particles. Instead, the coloring in
the asynchronous representation shows elements identified as valid particles’ images by either red
or blue colors, and invalid elements by a gray color. The static object seen in the side view appears
as a constant shadow, represented by a vertical line. This static object cannot be resolved as a valid
precipitation particle and thus is denoted by a gray color. A true rain drop hitting the same pixel
location cannot be resolved either. In Figure 5, this is denoted by a red arrow.
The herewith visualized effect of rain drops not being resolved explains the lack of particles
shown in Figure 2. For the time period of a constant shadow, the location of such lack of particles
happens around the same pixel count in that camera, which sees the static object. Thus, in Figure 2,
the lack of particles appears as a straight line along the field of view of that camera that sees the static
object. The distance to this camera is determined by the pixel count of the other camera’s elements,
which are ignored since their true matching partner could not be resolved.
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Figure 5. Asynchronous view of both 2DVD cameras’ raw data streams, in a scanning time vs. pixel
count (location) representation. The right panel shows the side view camera, with a static object
appearing as a constant vertical line. A rain drop appears at the same pixel location but cannot be
resolved. This missed rain drop is denoted by the red arrow.
3.3. Identifying/Flagging the Anomaly
Once the presence of the anomaly is known, it is typically easy to visually identify it in the data
(for example, see Figure 1, where the vertical line is clearly evident). When analyzing a large amount of
2DVD data, however, manual visual identification is inefficient. The analysis that follows reveals that
the anomaly can be quite brief, so the anomalous behavior is frequently missed if tens of thousands (or
more) drops are simultaneously examined. Therefore, an automated flagging algorithm was designed
to identify questionable data. Fortunately, extraneous and/or deficient areas of drop detection occur
on a line parallel to one of the camera’s fields of view (they appear perfectly vertical or horizontal in
figures like Figure 1 or Figure 2).
The flagging algorithm basics are introduced in Figure 6. As in Figure 1, 1000 particles are
examined at a time. By removing 20 edge pixels along each direction from the 640 by 640 pixel field of
view and coarsening the remaining 620 by 620 pixel field of view into a 62 by 62 domain for analysis,
the expected number of particles in each displayed cell becomes 1000/622∼0.26 and each vertical or
horizontal line of pixels has on average 1000/62∼16.1 droplets.
Although there is evidence that raindrop arrivals are not perfectly random over ms to s
long temporal scales and mm to m sized spatial scales (see, e.g., [23,39–42]), deviations on 2DVD
measurement scales are still somewhat modest and, thus, Poisson statistics are treated as approximately
valid here.
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Figure 6. The same “heat-map” shown in the left panel of Figure 1. Below and to the right of the
main figure are shown one-dimensional histograms of particle counts created by collapsing the entire
sample volume along the displayed vertical (for the histogram below the figure) or horizontal (for
the histogram to the right of the figure) directions. The spike below the main figure clearly shows the
much higher than expected count along the corresponding vertical line. Since the black curve exceeds
the critical red line, the algorithm is designed to flag the entire displayed collection of drops.
If raindrops were distributed perfectly randomly (following Poisson statistics) over the 2DVD
measurement domain, then the probability that any one value in either histogram in Figure 6 would
meet or exceed the red lines (marked at 33 drops) would be approximately equal to
p(k ≥ 33) ≈
∞
∑
κ=33
(
1000
62
)κ
e(
−1000
62 )
κ!
≈ 2× 10−4 (1)
(assuming that adding the terms with κ > 1000 are negligible and that the unconstrained Poisson pdf
is an acceptable approximation for this case). Similarly, the probability that any one point in part of
either histogram in Figure 6 would contain a value of 3 or less would be
p(k ≤ 3) ≈
3
∑
κ=0
(
1000
62
)κ
e(
−1000
62 )
κ!
≈ 8× 10−5. (2)
These probabilities lie at the heart of the algorithm developed to identify these anomalous regions;
if any collection of 1000 drops has an element in either one-dimensional histogram that equals or
exceeds 33—or has an element that is less than or equal to 3—then the entire collection of drops is
flagged as “suspect” in the flagging code.
This method admittedly has a non-zero “false-positive” rate (some non-anomalous regions are
erroneously flagged). The utilized critical values of “3 or less” and “33 or more” in the histograms are
admittedly somewhat arbitrary but were selected to be consistent with visual inspection of questionable
domains in a number of different data sets. (Indeed, the process of selecting 1000 drops at a time and
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dividing the field of view into 10 pixel by 10 pixel domains is also arbitrary; the parameters used in
the algorithm were settled on by trial and error with real and simulated data sets that did and did not
have the anomaly). For the present, we prefer to be conservative and flag potentially unaltered data as
“suspect” rather than to allow potentially spurious data to make it through the algorithm unflagged.
Future work is expected to include a refined flagging algorithm, but the method described here should
enable rough approximations of anomaly impact and ubiquity.
In both the algorithm and in the analyses that follow, the choice was intentionally made to
potentially overestimate the impact of this anomaly. We ultimately find the overall impact of the
anomaly on rain measureables generally remains very small despite this overestimation—suggesting
that 2DVD data largely remains reliable despite the ubiquity of this data anomaly.
The algorithm is designed to record up to three different (but not mutually exclusive) possible
flags for each detected drop in each 2DVD data file:
1. “During spurious extraneous interval”—Drop in question occurred during a period of time
where extraneous drops were detected along one or more lines of pixels in the measurement area;
all drops in the left panel of Figure 1 would be assigned this flag.
2. “During spurious depleted interval”— Drop in question occurred during a period of time where
there were anomalously few drops along one or more lines of pixels in the detection area. All drops
in Figure 2 would be assigned this flag.
3. “Spurious drop”—Drop in question occurred during a period of time where there were extraneous
detected drops along one or more lines of pixels in the detection area and this drop was in the
anomalous portion of the detection area. All detected drops along the vertical line in the left panel
of Figure 1 would be assigned this flag, even though some are likely not spurious.
3.4. Ubiquity of the Anomaly
A total of 416 days of data from among the largest (most drops) available detected events were
analyzed from a total of six different Compact 2DVDs (see Table 1). These data sets were gathered over
the past several years at a variety of different locations and by different investigators. Nevertheless,
every one of the 416 events examined showed some evidence of the anomaly demonstrated in Figure 1.
Table 1. Summary information for anomaly statistics for the six 2DVD (The two-dimensional video
distrometer) instruments studied. See the following sections to understand how lost accumulation
percentage was estimated. Drops were removed if they had the “spurious drop” flag described above.
(“CofC” stands for College of Charleston.)
Operator Serial Data Range Number Drops % Drops Total Accum. % AccumNr. of Events Analyzed Removed Analyzed (mm) Lost
NASA SN025 20 May 2013–12 Aug. 2017 23 12,588,376 4.6% 554.6 1.5%
NASA SN037 18 Aug. 2013–7 Jan. 2017 25 20,679,076 2.3% 664.9 1.7%
NASA SN038 15 Jan. 2013–8 Aug. 2017 28 19,373,661 3.5% 780.2 1.4%
NASA SN070 22 Sep. 2013–11 Oct. 2017 43 17,659,335 1.6% 536.5 1.1%
CofC SN074 23 Dec. 2013–9 Dec. 2017 252 97,363,053 2.5% 2931.1 0.9%
CofC SN098 21 May 2017–19 Nov. 2017 45 23,813,940 1.6% 822.7 1.4%
Totals — 15 Jan 2013–9 Dec. 2017 416 191,469,341 2.5% 6289.8 1.2%
In addition to assigning up to three different “flags” for each detected rain drop, our algorithm has
been designed to explicitly identify questionable time intervals in the data record. Figure 7 shows these
questionable time intervals as shaded regions throughout a sample storm’s drop accumulation record.
The duration of each anomalous interval is hard to see when looking at a full day’s record;
a half-hour subset of the data shown in Figure 7 is shown in Figure 8.
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Figure 7. The number of drops detected in 5 min intervals (marked in red) throughout an extended
rain event on 2 January 2014 detected by 2DVD SN074. The gray regions indicate time periods during
which some anomaly was detected. (Note that the red curve shows all drops detected, even if later
flagged as spurious.)
Figure 8. Similar to Figure 7, except only a half-hour subset of the rain event is shown. Here, it is easier
to see that the anomalous time intervals are generally short but have variable durations.
3.5. Characterizing the Anomalous Data Intervals
3.5.1. Data Set for Characterization Analysis
Although data from six different 2DVDs were used above to demonstrate the ubiquity of this
anomaly, the majority of the data utilized was gathered by 2DVD SN074 which has been running mostly
continuously in a single location near Hollywood, South Carolina since December 2013. This particular
2DVD is known to have been maintained following manufacturer recommendations by the authors
and its performance has been frequently validated by reasonable agreement with a large number of
other disdrometric instruments nearby, including (for part of the time) another 2DVD (SN098) located
about 250 m away [17,23,25]. The detailed characterization that follows is based on the 252 events
measured by 2DVD SN074. The number of detected anomaly time-intervals in these 252 dates ranged
from 21–1398 with a median value of 153 anomalous intervals per rainy date. None of these SN074
data are expected to have detected frozen precipitation.
Atmosphere 2018, 9, 315 11 of 19
3.5.2. Number of Drops in Anomalous Data Intervals
Although the flagging algorithm is structured to look at groups of 1000 consecutive detected drops,
the algorithm is designed to increment through the data set one drop at a time—so drop numbers
1–1000 are examined, then drop numbers 2–1001, etc. As such, problem intervals substantially shorter
than 1000 drops are identifiable. Figure 9 shows the exceedance probability of anomalous data
durations in terms of drop number. For example, approximately 28% of all detected anomalous
intervals were more than 100 drops in duration. Each of the analyzed dates had an anomaly lasting
at least 217 consecutive drops, with the median longest anomaly of the 252 data sets lasting 6548
consecutive drops.
Figure 9. The probability that any given anomalous data interval exceeds N drops. The median
anomalous data interval length is about 41 drops, with only 5.2% of all anomalous data intervals
exceeding 1000 drops. The mean anomalous data interval is 259.6 drops, with a standard deviation of
1221.6 drops.
Note that “false positives” (places where a region of the data set is erroneously flagged as
anomalous due to random spatial fluctuations) will be very likely to report anomalies lasting only a
few drops. If the flagging algorithm is tuned to lower the false-positive rate, the shape of the curve in
Figure 9 may change substantially; the main point of Figure 9 is not in the details of the curve’s shape
but rather to show that anomalies of less than thousands of drops are frequent.
The subtle “buckle” seen in the figure around 1000 drops is related to the flagging code’s structure
of analyzing 1000 drops at a time; anomalies exceeding 1000 drops are slightly less sensitively detected
in the current implementation of the flagging code, thus repressing the tail of the distribution somewhat.
Despite the decreased sensitivity to anomalies lasting more than 1000 drops, 222 of the 252 events saw
an anomaly exceeding 1000 drops in duration.
3.5.3. Duration of Anomalous Data Intervals
Perhaps of more physical concern is the temporal duration of these anomalies. Figure 10 breaks
down the exceedance probability of anomalous data durations in terms of anomaly temporal duration.
Again, we find that many anomalies are very brief, with the median detected anomaly lasting less than
half of a second. A more refined flagging algorithm may modify this substantially, but the large number
of brief-duration anomalies may indicate why these anomalies haven’t been previously identified.
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Despite the generally short duration of anomalous data segments, each data set examined had
an anomaly lasting at least 13.7 s, with 126 (half) of the data sets having an anomaly of at least 399 s
in duration.
Figure 10. The probability that any given anomalous data interval exceeds duration τ. The median
anomalous data interval duration is about 0.37 s, with only 3.0% of all anomalous data intervals
exceeding one minute. The mean anomalous data interval is 23.7 s, with a standard deviation of 617.4 s.
3.5.4. Size Distribution of Anomalous Drops
In the SN074 data set examined here, only about 2.4% of all detected drops were flagged as
“spurious drops”. Figure 11 explicitly compares the probability distribution of drop sizes of the
spurious drops to that of all drops in the 252 day data set.
Although spurious drops are seen at all detected drop sizes, over 90% of the spurious drops are at
detected diameters less than or equal to 0.6 mm.
Figure 11. A comparison of the probability distributions of drop diameters for all detected spurious
drops (light gray) with the drop diameters of all drops (black) in the major rain events detected by
2DVD SN074.
3.5.5. Vertical Fall Speeds of Anomalous Drops
The expected fall velocity of raindrops in still air has been known for quite some time [43,44].
Although substantial attention has recently been given to disdrometric measurement of non-terminal
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hydrometeor fall speeds and their possible physical origin [17,28,35,45–48], vertical fall-speed is
suspected to be a reliable enough check on data fidelity that it is becoming increasingly common for
investigators to use substantial deviations from terminal fall-speed as a way to filter out spurious
2DVD data [3,8,14,15,20–22,26].
Figure 12 shows the measured drop diameter-velocity scatterplot for SN074 2DVD data. All data
from the 252 events are shown in black, the drops flagged as spurious are shown in red, and an
empirical fit to the theoretical terminal fall-velocity relationship (following [49]) is shown in blue.
Although many of the spurious drops have non-terminal velocities, (i) many of the spurious drops fall
on the expected theoretical curve and (ii) many of the non-spurious drops deviate substantially from
the theoretical expectation.
Figure 12. A scatterplot of the measured drop diameter-fall velocity relationship for all 252 days of
data examined from 2DVD SN074. All detected drops are shown in black, spurious drops are shown in
red, and the expected relationship following [49] is shown in blue.
It would have been fortunate if the spurious drops could have easily been filtered out using a
velocity filter similar to those employed in [3,8,14,15,20–22,31,36,50,51], but Figure 12 suggests that
no such simple technique will work to find these spurious drops. Furthermore, previous studies that
used a drop velocity filter likely still included many of the spurious drops identified in this study.
3.6. Bounding the Magnitude of the Anomaly
It is important to attempt to determine how much the anomaly explored here can influence
disdrometric estimates of rain variables. It is impossible to know what the true values of drop counts and
rain rates should have been when spurious data is present (or real data is missing). Here, we outline our
best attempt to determine the anomaly’s maximum possible influence on the measured data.
A comprehensive analysis of the 252 events detected by 2DVD SN074 revealed that retained
(non-spurious) drop counts with the “during spurious extraneous interval” flag outnumbered drops
with the “during spurious depleted interval” flag by a factor of about 2.4:1, so we anticipate that the net
effect of properly correcting for the anomaly would result in a net reduction of measured precipitation.
Consequently, the choices described below are all intentionally designed to maximize the estimated
losses in rain volume due to correcting for the anomaly. Our goal is not to determine what the true
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rain accumulations should have been, but rather to establish a reasonable upper bound for how much
extra rain accumulation the anomaly might have been responsible for. As such, we expect all reported
anomaly statistics to be overestimates.
3.6.1. Removing Spurious Drops
Throughout the analysis that follows, drops were removed if they were flagged as “spurious
drops”. In removing all of these particles from the analysis, we likely overestimate the effect of the
anomaly because some of the particles detected within that portion of the sample volume may not
have been anomalous.
3.6.2. Accounting for Decreased Sensing Area
Estimating rainfall accumulations from the 2DVD requires the analyst to divide the volume of
each detected drop by the estimated sample area associated with the detected drop. Thus, if there
are N drops detected during a time interval τ, the rain depth accumulated during this time can be
estimated via:
Depthτ =
N
∑
i=1
(
pi
6
)
D3i
Ai
, (3)
with Di the diameter of the ith drop and Ai the effective sample area of the ith drop. Ai can depend in
a rather complicated way on Di, the drop’s position in the sample volume, and the presence or absence
of other detected particles being detected simultaneously (see, e.g., [31]).
During periods of spurious particle detection along a line, removal of all particles along this
line should reduce the effective sample area Ai of all remaining particles within the measurement
volume. Although a future version of our algorithm plans to account for this effect explicitly, the
current flagging/processing algorithm neglects this effect. Correct lowering of Ai for all non-spurious
drops during these anomalous times would increase the estimated accumulation. By neglecting this
effect, the approach used here again likely overestimates the effect of the anomaly.
3.6.3. Accounting for Missing Drops
Finally, we need to consider the effect of the drops that are “missing” from the data record.
Particles flagged as “during spurious depleted interval” were assuredly accompanied by undetected
particles within the parts of the sensing volume where sensitivity was diminished. Rather than make
an ad hoc assumption regarding the number and properties of the drops that were missed, the present
algorithm intentionally doesn’t consider the effect of these drops.
3.6.4. Rain Event Particle and Accumulation Losses
Based on the assumptions outlined above, Table 1 shows the fraction of drops removed as
“spurious” and the net total removed accumulation percentage for each of six different 2DVD data sets.
Although the effects on estimated accumulations are small, it is noteworthy that a sizeable percentage
of all drops were detected during the anomalous time intervals (see Table 2).
Table 2. The classification of all detected drops from the 252 events studied for 2DVD SN074. Note that
though the total rain depth is estimated to be in error by less than 1% (see Table 1), a substantial fraction
(2.5% + 9.2% + 3.8% = 15.5%) of all detected drops occurred during an anomalous time interval.
Total Drops Spurious Drops During Spurious Interval During Depleted Not duringbut Not Spurious Interval Anomaly
97,363,053 2,434,077 (2.5%) 8,995,547 (9.2%) 3,713,494 (3.8%) 82,219,935 (84.5%)
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Although such a comprehensive look at the other five 2DVDs would be premature, some sense
at the universality of these relationships can be obtained by looking at the individual rain events
observed with the largest anomalies (Table 3). Despite the fact that the data set for SN074 is much
larger (252 days of data compared to at most 45 days of data for the other five detectors), all of the
other 2DVDs having events where a larger fraction of estimated rain accumulations were lost.
Table 3. The events with the largest fraction of removed drops and the largest fraction of accumulation
lost for each 2DVD studied. (SN025 and SN098 maximized the fraction of drops and fraction of total
accumulations lost on the same date).
Serial Nr. Date Number of Drops % Drops Removed Total Accum. (mm) % Accum Lost
SN025 3 Sep. 2016 464,632 23.0% 2.6 9.1%
SN037 22 Jan. 2014 817,801 7.1% 9.2 5.6%
SN037 3 Mar. 2014 719,905 5.5% 17.4 7.0%
SN038 29 Sep. 2016 547,975 16.9% 6.9 3.3%
SN038 24 Nov. 2016 802,972 8.7% 22.8 5.1%
SN070 8 Oct. 2016 438,680 4.8% 12.8 1.9%
SN070 3 Jan. 2016 391,521 4.8% 13.8 4.5%
SN074 25 Sep. 2015 94,796 11.2% 2.7 0.9%
SN074 6 Oct. 2015 97,147 4.9% 0.1 2.0%
SN098 6 Sep. 2017 307,745 4.4% 7.5 3.8%
Figures 13 and 14 explore the detector to detector prevalence of anomaly occurrence more fully.
In general, it appears all 2DVDs have comparable losses and that there really doesn’t seem to be any
obvious correlation between anomaly effect and event accumulation and/or drop number.
Information regarding the deployment of the detectors (local geography, the presence/absence of
nearby wind fencing, etc.) is insufficient to allow us to determine whether prevalence of the anomaly is
related to wind, though an increase of spurious drops with increasing wind speed may be reasonable
to expect.
Figure 13. A scatterplot of total spurious drop percentage vs. total detected drops for each of the events
studied. Different 2DVDs are displayed with different colors. No obvious relationship between these
two variables is evident, and differences between different 2DVDs are not obvious.
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Figure 14. Similar to Figure 13 but showing the fraction of total accumulation removed by excising
the spurious drops vs. the total measured accumulation depth for each event. Again, no obvious
relationship between these two variables is evident, and differences between different 2DVDs are
not obvious.
4. Discussion
The anomaly identified here in 2DVD data is ubiquitous but typically modest in its impact on
estimation of physically meaningful rain properties. None of the 416 events studied support rain
accumulation errors of more than 9.1% due to this anomaly, even when the most pessimistic assumptions
about the true underlying data have been made. Furthermore, typical errors in rain accumulation due to
this effect appear to be on the order of no more than 1–2% of total rain accumulations.
The majority of the anomalous drops are very small in size. It has become increasingly common
to filter out small 2DVD raindrop measurements due to questionable instrumental reliability within
that domain anyway (see, e.g., [3,14,20,52]), and such a protocol will help control for this anomaly
in future data analysis. Observations of SN074 data reveal that 90.4% of all detected spurious drops
would be filtered out if only drops larger than 0.6 mm are retained. (However, applying this diameter
filter only removes about 8.7% of the potentially spurious rain volume accumulation).
Due to the number of different variables the 2DVD software records, there are a number of ways
to correct for these anomalies. For example, any of the following may be viable strategies to help
improve data fidelity:
1. Once anomalous time-intervals are flagged, processing codes can be written to utilize only
the non-anomalous portion of the 2DVD in the measurement. This can be done relatively
transparently to the end user by just modifying the effective area during these times and having
the processing software automatically filter out the spurious drops.
2. After flagging anomalous time-intervals, investigators have the ability to limit their analysis to
data regimes where there are no detected anomalies.
3. During anomalous time intervals, the rest of the data gathered during the same time can be used
to try and estimate the missing data.
It is also possible that future versions of the 2DVD will incorporate a hardware change to make
this anomaly disappear.
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5. Conclusions
In summary, an anomaly has been identified in two-dimensional video disdrometer data.
The physical origins of this anomaly are well understood, and its signature is clearly identifiable in all
2DVD data that the authors were able to readily access. It is relatively straightforward to flag data related
to the anomaly for further analysis. The anomaly usually induces spurious detection of drops—most of
which are less than 0.6 mm in diameter. The anomaly ultimately causes a slight overestimation of true
rain accumulations—typically no larger than 1–2%—and doesn’t appear to be more prevalent in events
with heavy rain accumulations or large drops. The fraction of anomalous data seems to be relatively
stable among different 2DVDs, and cannot be completely filtered out by merely applying a diameter or
fall-velocity filter to the measured data.
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